Neurocognitive dysfunctions are frequently identified in the addictions. These dysfunctions may indicate either diffuse dysfunction or may represent separate facets that have differential importance to the addiction phenotype. In a sample (n ϭ 260) of alcohol and/or stimulant users and controls we measured responses across 7 diverse neurocognitive measures. These measures were Continuous Performance, Delay Discounting, Iowa Gambling, Stroop, Tower, Wisconsin Card Sorting, and Letter Number Sequencing. Comparisons were then made between the drug-dependent groups and controls using analysis of variance and also using a machine learning approach to classify participants based on task performance as substance-dependent or controls in 1 tree and as alcohol and/or stimulant users or controls in a second tree. The analysis of variance showed significant differences between groups on the Delay Discounting (p Ͻ .001), Iowa Gambling (p Ͻ .001), Letter Number Sequencing (p Ͻ .001), and Wisconsin Card Sorting (p Ͻ .05) tasks. The first classification tree correctly classified between substance-dependent or controls for 88.3% of participants and classified between alcohol and/or stimulant users or controls for 63.9% of participants. Delay discounting was the first split in both trees and in the substance-dependent and control tree. The analysis of variance results largely replicate previous findings. The machine learning classification tree analysis provides evidence to support the hypothesis that different measures of neurocognitive dysfunction represent different processes. Among them, delay discounting was the most robust in categorizing drug dependence.
Jarmolowicz, . Nonetheless, the general finding is that those who are drug dependent will exhibit greater evidence of neurocognitive dysfunction across multiple measures when compared with community controls.
The pervasiveness of neurocognitive deficits across diverse measures in the drug dependent and the lack of strong correlation among the measures suggests two distinct and divergent hypotheses. The first hypothesis was suggested by Stavro, Pelletier, and Potvin (2013) following a meta-analysis of neurocognitive deficits in chronic alcohol users in which verbal fluency/language, speed of processing, working memory, attention, problem solving, impulsivity, verbal learning, verbal memory, visual learning, visual memory, and visuospatial abilities were assessed. Based on the meta-analysis, the authors concluded diffuse, as opposed to specific, neurocognitive dysfunction following chronic alcohol use. From this perspective, one might deduce that any measure of neurocognitive function is a reasonable proxy of another in terms of indicating the generalized deficit. An alternative hypothesis is that the different measures of neurocognitive function represent and measure divergent processes that are differentially important to the phenotype of drug dependence. From this perspective, some of the measures may have more centrality in the emergence and continuation of drug dependence, while others may be more peripheral or secondary. Evidence supportive of this view comes from studies showing some types of neurocognitive deficits are not present in some substance use disorders (Johnson et al., 2010) and that different pharmacological or neurocognitive training can selectively modulate certain measures while leaving others unchanged (Bickel, Yi, Landes, Hill, & Baxter, 2011; Winstanley, Dalley, Theobald, & Robbins, 2004) .
One factor that strongly influences our understanding of neurocognitive function in drug dependence is the statistical and analytical tools we use to analyze and interpret our findings. Studies to date have largely compared multiple measures of neurocognitive function within or across groups using inferential statistical methods to make probabilistic statements about the compatibility between observed data and posited models (Madden, Petry, Badger, & Bickel, 1997) . Historically, many of these techniques were devised to analyze agricultural data in the early 19th century. An alternative rarely employed approach, which we also use in this report, arises from the machine learning tradition. Machine learning employs algorithms that both learn from and make predictions based on data (Kohavi & Provost, 1998) . One form of machine learning is binary recursive partitioning, including classification tree methodologies (Lewis, 2000) . This approach, when applied to a variety of measures of neurocognitive function obtained from drug dependent and community control groups, seeks to correctly classify the participants to the drug dependent or control group based solely on the neurocognitive measures. This algorithmic process first identifies the most discriminating measure that would serve as the first node of the tree, establishing two branches based on the optimal threshold of that measure. Each branch is similarly split with another node into two more branches based on the measures that best classifies individuals within each branch. The process continues iteratively in this fashion until prespecified criteria are met. When the classification method is applied to a subset of the data to learn the tree structure, and the resulting tree is applied to the portion of data not included in the construction of the tree, then the out-of-sample classification rate can be assessed. Also, the algorithm quantifies the proportion each measure contributes to predictive accuracy.
A classification tree analysis should result in differing outcomes depending if the data are consistent with the two hypotheses discussed above. If drug dependence is the result of diffuse dysfunction with no differential importance for any neurocognitive measure, then three observations should emerge from the tree. First, the tree derived with one set of data would not be expected to be highly efficacious on subsequent application to data not included in the initial formation of the tree; that is, since no particular measure is of more centrality to the phenotype of addiction, then individual differences would predominate. Second, the proportion that each measure contributes to predictive accuracy should not dramatically favor any one measure and the contribution of the various measures to correct classification should not be dramatically different across measures. This is related to the point addressed above that any measure of neurocognitive function is a reasonable proxy of another. Third, application of the classification tree to different forms of drug dependence would not identify a single measure as most important across the different forms.
Conversely, if different measures of neurocognitive function represent divergent processes that are differentially important to the phenotype of drug dependence, then three outcomes should be observed with the application of the classification tree methodology. First, the tree derived with one set of data would be expected to be highly efficacious on subsequent application to data not included in the formation of the tree. Second, the proportion that each measure contributes to the predictive accuracy should favor one or more measures that are differentially important to the phenotype of drug dependence. Third, if one or more measures are not specific to only one form of drug dependence and are in fact trans-disease processes (Bickel, Jarmolowicz, Mueller, Koffarnus, & Gatchalian, 2012) related to the drug dependence phenotype, then application of the classification tree to different forms of drug dependence should result in the same one or two measures being selected as most important. Moreover, if this third outcome holds, then we would also expect the classification tree would not be as effective in distinguishing between different forms of drug dependence since they would share the centrality of the same measures for the phenotype.
In the present study, we obtained seven task-based measures of neurocognitive function (i.e., Continuous Performance, Delay Discounting, Iowa Gambling, Stroop, Tower, Wisconsin Card Sorting, and Letter Number Sequencing) from alcohol, stimulant, or dual alcohol-stimulant dependent individuals and community control participants. Alcohol and stimulant dependence have been shown to be associated with a wide variety of neurocognitive measures VerdejoGarcía, Bechara, Recknor, & Perez-Garcia, 2006; Verdejo-García, Rivas-Pérez, et al., 2006) . We first analyze the groups using standard statistical methods to determine whether these samples replicate previous work by indicating greater neurocognitive dysfunction across the measures in the drug dependent groups. Next, we report the correlations between the measures to see whether we also replicate the general finding that most of the measures are only minimally to moderately correlated. Finally, we apply the classification tree analysis to test which of the two alternative hypotheses better describes the data and to inform if one, or a few, neurocognitive measures successfully distinguishes beThis document is copyrighted by the American Psychological Association or one of its allied publishers.
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tween substance using individuals and controls, thus reducing the burden of measures needed when studying substance using groups of individuals.
Method
All participants (n ϭ 260) provided written consent that was approved by either the Institutional Review Board at University of Arkansas or Virginia Tech. Of the 260 participants who enrolled in the study, 249 completed the seven neurocognitive function tasks. The 11 individuals with missing values for at least one of the tasks were removed from the analysis. A subset of the data being reported on in this manuscript was reported previously in Moody, Franck, Hatz, and Bickel (2016) ; however, the scope and computational approach used in this manuscript provides unique insights into the substance use phenotype. Participants were recruited from the community of either the greater Little Rock metropolitan area in Arkansas or the greater Roanoke Valley region of Virginia. They were recruited via community outreach including flyers, postings on social media outlets including Facebook and Craigslist, and word of mouth. To participate, all participants had to be at least 18 years of age and completed a demographics questionnaire. Control participants had to be free from any form of drug dependence, recent drug use, or mental health disorder as screened with the Mini-International Neuropsychiatric Interview (Sheehan et al., 1998) . Substance using participants had to either meet Diagnostic and Statistical Manual of Mental Disorders, fourth edition (DSM-IV; American Psychiatric Association, 1994) criteria for stimulant dependence (either cocaine or methamphetamine dependence), for alcohol dependence, or for both stimulant and alcohol dependence. Thus, participants were selected into one of four groups: control, stimulant dependent, alcohol dependent, or both stimulant and alcohol dependent. The current study was collected using DSM-IV criteria for substance dependence. The more recent DSM-V criteria merge what was previously substance abuse and substance dependence into substance use disorder with mild, moderate, and severe classifiers based on number of symptoms endorsed (American Psychiatric Association, 2013) . Individuals that previously met diagnostic criteria for substance dependence would meet current DSM-V criteria for substance use disorder. Participants completed the consent and assessment sessions on separate days within one week of each other and were compensated $10 for consent and $20-$30 for completion of assessments based on amount of time spent in the laboratory with a rate of compensation of $10 per hour spent in the research center.
Measures
The neurocognitive tests were selected to represent diverse measures related to the cortico-striatal and medio-temporal neural substrates associated with drug dependence (Ersche et al., 2012 ). An assessment battery was administered with the following neurocognitive function measures.
Continuous Performance. The Continuous Performance task is a computerized measure of attention and impulsivity (Conner, 1995) and has relatively high correlations with self-report measures of impulsivity compared with other neurocognitive function measures (Duckworth & Kern, 2011) . During the Continuous Performance task, participants were required to press the appropriate key in response to any presented letter except for a target letter. Six blocks were presented with varying interstimulus intervals. Commission errors were recorded as the primary outcome measure. A commission error is a response when no target is presented. Elevated commission errors are indicative of high impulsivity.
Delay Discounting. A computer-based delay discounting task was used to assess participants' impulsive choice compared with self-controlled behavioral strategies. Participants were presented with hypothetical scenarios in which the extent of their discounting of a delayed "reward" (i.e., $1,000) relative to an immediate "reward" was determined at seven delays (i.e., 1 day, 1 week, 1 month, 6 months, 1 year, 5 years, and 25 years) presented in chronological order. The smaller sooner amount titrates until an indifference point where the subjective value of the immediate reward is approximately equal to the value of the delayed reward (Du, Green, & Myerson, 2002 ). The indifference points are then fit to the following equation:
where V is the subjective value of the objective monetary amount A, to be delivered after some delay, D (Mazur, 1987) . The parameter k describes the hyperbolic function and is used as an index of the extent to which participants discount the value of future rewards. Taken together, higher k values indicate a tendency to devalue future rewards at a higher rate and this, in turn, suggests greater impulsivity. Iowa Gambling. The Iowa Gambling task is a computerbased test that measures decision-making, flexibility and sensitivity to punishment (Bechara, 2007) . Four identical decks were presented that, when chosen, produce gains or loses in hypothetical money. Decks differ in the magnitude of loss and gain and the net gains were used as the outcome measure. Previous work has shown that stimulant users perform worse than controls on this same outcome measure (Verdejo-Garcia et al., 2007) .
Letter Number Sequencing. The Letter Number Sequencing task (Wechsler, 2008 ) is a measure of attention and working memory. It requires participants to sequence a combination of letters and numbers in a prescribed order. Participants are given a string of items, presented as a mixed combination of letters and numbers that they must then put in sequential order of numbers followed by alphabetical order of letters. The string presentation increases in difficulty until the participant is no longer able to correctly sequence two strings of equivalent difficulty. The longest string length completed before discontinuation due to failure to correctly respond to three strings of the same length was used as the outcome measure of Letter Number Sequencing performance.
Stroop. The Stroop task (Golden & Freshwater, 1978) measures response inhibition in addition to complex concentration, selective processing, and attention. The Color-Word Interference Test from Delis-Kaplan Executive Function System was used for this measure (Delis, Kaplan, & Kramer, 2001a) . The task consists of three components. First, participants read aloud a series of color names printed in black (e.g., the color red printed in black ink). Second, participants are asked to say the color of the ink in a series of colors names printed in the same color ink (e.g., the color red printed in red ink). Third, the participants are asked to say the color of the ink in a series of color names printed in incongruent ink colors (e.g., the word red printed in blue ink). This third subtest This document is copyrighted by the American Psychological Association or one of its allied publishers.
required participants to inhibit their tendency to read the word and instead read the color of the ink. Completion time for the third subset, a measure of inhibition, was used as the primary outcome measure. Previous work has indicated poorer inhibition on the Stroop task compared with healthy controls (Albein-Urios, Martinez-González, Lozano, Clark, & Verdejo-García, 2012). Tower. The Tower task (Delis, Kaplan, & Kramer, 2001b ) assesses several domains including planning, impulse inhibition, rule learning, perseveration, and set maintenance. For each trial, the examiner arranges disks on the pegs in a predetermined starting position and presents a picture that illustrates a predetermined ending position. Number of moves to completion, item-completion time, and correctness of final tower were recorded. Once the score for all items were collected, the sum of scores was calculated to create the overall achievement score that summarizes the participants overall performance on the Tower task.
Wisconsin Card Sorting. The Wisconsin Card Sorting task (Heaton & Others, 1993) is largely an assessment of abstraction ability and the ability to shift and maintain cognitive strategies for categorization. Participants were given 128 computerized stimulus cards individually and were required to match each card to one of four key cards that varied on three perceptual dimensions (i.e., color, form, and number). At any given time, the matching rule was to match on one of these dimensions. After each match, the computer indicated whether they were correct. After 10 correct matches, the matching rule changes without warning and the participant must learn the new matching rule for the next set. The test requires planning, organized searching, use of environmental feedback to inform decisions, and restriction of impulsive responding. For the below analysis, the total number of perseverative errors was used as a measure to encompass neurocognitive functions of cognitive flexibility and attention. Perseverative errors during the Wisconsin Card Sorting task are associated with several neurocognitive impairments and brain damage (Demakis, 2003) .
Data Analysis
Participants' demographics measures (age, gender, marital status, race, years of education, and income) were summarized. The suitability of individual measures was assessed for parametric analysis by examining normality of residuals for the models used and homogeneity of variance. Pearson's correlation coefficient was used to quantify the linear dependency among the seven measures among the control subjects and separately for substance using participants. The association between dependency group and each individual neurocognitive function measure was assessed using one-way analysis of variance (ANOVA). F tests were performed to compare all four groups' outcomes for each of the seven neurocognitive function tasks. The effect size R 2 was used to measure strength of association between each measure and substance use group. R 2 directly relates to a commonly used effect size index, f 2 (f 2 ϭ R 2 /1-R 2 ). Given this relationship, common conventions for small, medium, and large R 2 are 0.02, 0.13, and 0.26, respectively (Cohen, 1992) . These associations are also represented graphically to facilitate interpretability.
Because substance dependence may be partially attributable to a constellation of neurocognitive deficits, methods are needed to determine which deficits in which neurocognitive function best classify individuals into substance dependence groups. To address this need, we used classification tree methodology in combination with k-fold cross-validation (Nordhausen, 2009) to use the set of available neurocognitive function measures to best classify dependence status. We did not include demographic variables as part of the classification tree; as our interest here was to understand the classification capabilities of select neurocognitive function measures alone.
Classification Trees
The primary goal of this study was to determine which combination of the seven neurocognitive function tasks best classified participants into substance dependence groups to inform future work on what neurocognitive measure may be central and necessary in the characterization of substance dependent groups and controls. The analyses were conducted using the tree package in R (R Core Team, 2014). Classification trees are formed using binary recursive partitioning. All participants begin in a single group, or "parent node." Then, the algorithm screens all variables under consideration (neurocognitive measures in this study), and identifies the value of a single variable which splits participants into two "child nodes" so as to maximize similarity of dependency profiles within each node. For example, a split would be chosen so as to best group substance users in one node and controls in the other. Then, each of the child nodes becomes a parent node, and is split again based on value of a potentially different measure until a stopping criterion is reached (Lewis, 2000) . In this study, the minimum sizes for parent and child nodes are 10 and 5, respectively to continue the recursive partitioning. These are the default settings of the tree package. See Figure 1 for a conceptual schematic of the approach. Classification trees do not make distributional assumptions about the independent variables and can handle variables with distributions that are skewed or multimodal. Tree 1 (see Figure 3 ) divides the sample into controls and substance users and Tree 2 (see Figure 4 ) divides the sample into four groups based on specific usage (alcohol, stimulant, alcohol and stimulant, and control). The length of each branch is proportional to the contribution that decision makes to predictive accuracy. This approach Figure 1 . Classification tree schematic. Data begin at the top node and move through the branches and other nodes according to the threshold rules until a terminal node is reached. Once data reach a terminal node they are classified as the most prevalent group in that node and successful classification rate is computed. This document is copyrighted by the American Psychological Association or one of its allied publishers.
first offers a molar "control versus dependence" analysis, and then provides a second classification scheme that illustrates both the potentials and difficulties of further classifying specific subgroups. Further, trees (not shown) that compared (a) controls with alcoholonly users, (b) controls with stimulant-only users, (c) controls with users of stimulants or joint stimulants-and alcohol users but not alcohol-only users, and (d) controls with joint users of alcohol and stimulants but not single users of either were examined to determine which single measure provides the most predictive accuracy to separate controls from substance users in a variety of scenarios. Finally, (c) a tree that compares alcohol-only, stimulants-only, or both (but no controls) was constructed to determine which single measure best differentiates specific substance use groups.
Cross-Validation Approach to Assess Predictive Accuracy
Cross-validation is a technique used to assess the predictive performance of a classifier for data that were not used to train the approach. In the overall tree, classification rates may be inflated because the classification rules used to classify "learned" from the data that were classified. By contrast, k-fold cross-validation trains multiple trees, then assesses the performance on "holdout data" to determine whether the tree approach yields good predictive performance for new data. The k-fold cross-validation method has been used extensively in the machine learning field (Arlot & Celisse, 2010; Zhang, 1993) and is a standard procedure to defend against overfitting of data. Conceptually, this moves the classification tree paradigm beyond a descriptive account of how well a classifier performs on available data toward the goal of describing that classifier's performance on new data.
In this study, a fivefold cross-validation approach was used to evaluate the performance of the classification tree approach for the two primary trees. To cross-validate, the original data set was randomly split into five subsets. For each of the five crossvalidation exercises, one of the subsets was designated as a "holdout" dataset. The other four sections were combined and used as a "learning" dataset to create a new tree. This new tree was then used to predict the outcomes in the naive holdout dataset that was not used to train the classification tree, and classification performance was recorded. As stated above, this process was repeated five times, and in each case the performance of the new tree on the holdout set was reported. Misclassification rate on the holdout dataset was used as our metric for performance in both the overall trees and also in the k-fold trees.
Results
Of the 249 complete cases, 67 (27%) were alcohol dependent, 23 (9%) were stimulant dependent, 100 (40%) were alcohol and stimulant dependent, and 59 (24%) were controls. There were 190 (76%) males and 59 (24%) females. Demographic characteristics by group are shown in Table 1 . Substance using groups were older, F(3, 245) ϭ 13.94, p Ͻ .001, and had lower income ( 2 ϭ 20.88, p Ͻ .001), though education was largely commensurate across groups, F(3, 244) ϭ 2.68, p ϭ .05.
Statistical Associations
As shown in Table 2 , significant correlations (at the ␣ ϭ .005 level) were observed in controls between the Continuous Performance task and Wisconsin Card Sorting task (p Ͻ .001), the Stroop task and both the Letter Number Sequencing task (p Ͻ .001) and the Wisconsin Card Sorting task (p ϭ .027), the Iowa Gambling task and the Tower task (p ϭ .023), and the Letter Number Sequencing task with both the Tower task (p ϭ .015), and the Wisconsin Card Sorting task (p ϭ .001). Significant correlations (at the ␣ ϭ .005 level) were observed in substance using participants between the Continuous Performance task and Wisconsin Card Sorting task (p Ͻ .001), the Stroop task and both the Letter Number Sequencing task (p Ͻ .001) and the Tower task (p ϭ .001), and the Letter Number Sequencing task with the Tower task (p Ͻ .001). The R 2 values associating substance dependence with each neurocognitive function measure ranged from 0.01-0.10, which correspond with small to medium effect sizes. Statistically significant group differences were observed in the Delay Discounting task, Iowa Gambling task, Letter Number Sequencing task, and Wisconsin Card Sort task (see Table 3 ). Figure 2 depicts bar graphs and standard errors for each neurocognitive function task so as to visually display the relative performance across groups for each substance use group (e.g., alcohol, stimulant, and combined alcohol and stimulant use) in addition to control group performance.
Classification Results
The overall classification rate for Tree 1 (which classified individuals as "substance dependent" or "control") was 88.3%. This means that the tree incorrectly classified individuals as substance users or controls in 11.7% of cases. Classification rates for the five holdout cross-validation trees ranged from 87.4%-89.9% within the training data sets, and 70.0% to 90.0% in the holdout sets See Table 4 . Each tree (overall and five cross-validation trees) split on the Delay Discounting task first, with ln(k), the outcome variable from the Delay Discounting task, ranging from Ϫ8.95 to Ϫ6.74 on the first split. Consistent with the hypothesis that neurocognitive function measures represent divergent processes that are differentially important to the alcohol and stimulant dependence phenotype, delay discounting was the basis of the first split and delay discounting alone correctly classifies 79.52% of individuals as controls or substance users. Table 4 displays complete results for the six trees: one overall tree and five cross-validation trees. The full tree is displayed in Figure 3 .
The overall classification rate for Tree 2 (which classified data into four groups based on specific substance use group of either alcohol, stimulant or both alcohol and stimulant dependence) was This document is copyrighted by the American Psychological Association or one of its allied publishers. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
63.9%. The misclassification rate for the five cross-validation trees ranged from 60.8% to 67.3% within training data sets and 34% to 54% on holdout data sets. The Delay Discounting task was the first split on all six trees, with the initial split criterion ranging from Ϫ6.95 to Ϫ6.02. This finding is consistent with the subcomponent hypothesis that trans-disease processes operate across addiction types and thus the classification tree should be less accurate when categorizing specific forms of drug dependence. Full results for Tree 2 are included in Table 5 , and the tree created on the full dataset can be found in Figure 4 . For the trees (1)- (4) that compare controls directly with various substance use profiles (not shown), discounting was the measure which split the tree first in each case. The tree that compared alcohol, stimulant, and joint use split first on the Tower task and achieved a classification rate of 72%. As a note, when other variables are entered into the classification analysis, different results may be observed. To assess whether non-neurocognitive function measures affect the resulting classification results, we added age, education, and income alongside the neurocognitive measures. In these analyses (see supplemental materials Figure 1 and 2) age and income play important roles in classifying between individuals that use substances and those that do not. However, delay discounting remains as the neurocognitive measure that enters earliest and provides the greatest predictive contribution (visualized by branch length) among neurocognitive measures. Given that the purpose of the current study is to elucidate which neurocognitive measures, if any, are best at identify between individuals that use substances and those that do not, these trees indicate that delay discounting plays a major role compared with other neurocognitive measures even when demographic variables are used in the classification process. Moreover, classification trees with both demographic variables and neurocognitive measures are consistent with the classification trees of the neurocognitive measures alone in that the first split that includes a neurocognitive function measures continues to include the delay discounting measure. Note. Controls are in the top panel (n ϭ 59) and substance users are in the bottom panel (n ϭ 189). Top entry in each cell is Pearson's correlation coefficient (R). Bottom entry is a p value for the two-tailed test against H0: ϭ 0. Observed p values below ␣ ϭ .05 are boldfaced. Note that for n ϭ 59 one has 80% power to detect correlations of ϭ .35 in magnitude, and with n ϭ 189 one has 80% power to detect correlations of ϭ .20 in magnitude (i.e. smaller effects can be detected among substance users in this analysis). This article is intended solely for the personal use of the individual user and is not to be disseminated broadly. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
Discussion
In this report we compared seven neurocognitive function measures in three drug dependent groups (i.e., alcohol, stimulant, alcoholstimulant dependent) and community controls. We found that a subset of measures distinguished the drug-dependent from controls and that the measures were not strongly correlated. These observations generally support previously reported findings (de Wit, 2009; VerdejoGarcía, Rivas-Pérez, et al., 2006) . Figure 2 and Table 3 quantify the extent to which various tasks excel at differentiating groups, with Delay Discounting, Iowa Gambling, and Letter Number Sequencing tasks providing the most evidence of an ability to discriminate between controls and substance users, but limited ability to differentiate This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
among specific substance use disorders. Further, the machine learning classification tree analysis provides evidence of the hypothesis that different measures of neurocognitive deficits represent divergent processes that are differentially sensitive to drug dependence by demonstrating good predictive accuracy at the individual subject level. Specifically, a classification tree derived with one set of data was efficacious on subsequent application to data not included in the formation of the tree. We also found that delay discounting by itself was the best predictive neurocognitive measure across all trees when each drug dependent group was compared with controls suggesting that delay discounting may be differentially important to the phenotype of addiction. Additionally, neither the ANOVA nor the classification tree was able to efficaciously distinguish between different forms of drug dependence consistent with the notion of trans-disease processes where certain processes are important to the phenotype of more than one disorder. Also, important to note is that these analyses only considered neurocognitive measures and their ability to distinguish between alcohol, stimulant, combined alcohol/stimulant, and community controls. Thus, the potential applications of this report are limited to identifying neurocognitive measures that differentiate between these groups and do not consider the impact of demographic variables that also differ between groups. There are four points that we would like to comment about this finding. First, the importance of scientific tools to confirming or suggesting new theories have long been commented upon (Hanson, 1958; Kuhn, 1961) ; that is, the introduction of a novel device or tool has been associated with changes in scientific theory. Here we examined the same data seen through two different analytical tools, each of which revealed unique insights about the nature of neurocognitive deficits in relation to addiction. In this first case, we applied statistical approaches consistent with those widely employed in this field. The results of those analyses are generally consistent with prior neuroscientific observations conducted to date suggesting that drug dependent individuals exhibited dysfunction on several measures that were not strongly correlated with each other. Next we applied the machine learning classification tree technique. This approach quantifies the predictive capacity of neurocognitive measures to classify individuals at the participant level. This view is clarifying because it (a) supplements insights gained by the more common approach of differentiating groups on average (see, e.g., Stavro et al., 2013) and (b) allows for performance-based selection of measures that classify individuals into usage groups. Further, different outcomes would be expected if the diffuse dysfunction or the differentiated subsystems hypotheses were operative, permitting greater resolution. The machine learning approach supported the differentiated subsystems hypothesis. However, only replication and extension of the classification trees to diverse areas of addiction science will determine whether this differentiated subsystem hypothesis is broadly supported.
Second, the classification tree analysis conducted here identified delay discounting as the first split of each tree for every condition that compared substance users and controls. Specifically, the first split based on discounting in Tree 1 correctly categorized 79.5% of the sample with the remaining measures only adding less than 10% correct classification among all remaining splits using all available measures. This finding is consistent with the hypothesis that excessive delay discounting is a subsystem that is important to the phenotype of alcohol, stimulant, and dual alcohol/stimulant dependence (Moody et al., 2016) . These findings fit with recent suggestions that delay discounting is a behavioral marker of addiction (Bickel, Koffarnus, Moody, & Wilson, 2014) . Indeed, delay discounting in a small number of longitudinal studies is predictive of later drug use, excessive delay discounting is observed in nearly every form of addiction, the extent of delay discounting is proportional to amount of the drug used, delay discounting at baseline is predictive of treatment outcomes for moderately effective treatments, and delay discounting improves following a multimodal highly efficacious treatment. The data provided here support and contribute to further delay discounting as a behavioral marker of addiction.
Third, the classification tree analysis identified the same neurocognitive function measure at the first split and as the predominate classifier relative to other neurocognitive function measures across two forms of drug dependence and a poly dependent combination of the two supporting the contention that delay discounting functions as a trans-disease process. Although measures of neurocognitive deficits were included in a recent meta-analysis comparing short-, intermediate-, and long-term alcohol users with controls, these measures did not include delay discounting (Stavro et al., 2013) . Stavro et al. (2013) concluded that all assessed measures of neurocognitive function were similarly impaired indicating diffuse deficits, whereas the present report suggests delay discounting is among the most closely aligned with the phenotypes of addiction explored here. Figure 4 (data were classified into four groups: stimulant, alcohol, stimulant and alcohol, and controls). Note that every tree split on discounting first, and the threshold for ln(k) was very stable among all trees. Note. Results of cross validation on Tree 1 (Figure 3) were classified into two groups: substance users and controls. In all instances, delay discounting was the first split and contributed the most to successful classification. The Threshold for ln(k) was relatively stable among all trees.
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Fourth, the weaknesses of this study include the tasks employed and the sample employed. The outcomes are dependent upon the tasks utilized. If other tasks were included, a different profile of results may have been obtained. However, what would be useful in subsequent extensions of these findings would be to include delay discounting along with other tasks to see whether delay discounting would function similarly to the classification trees reported here. Additionally, this study examined alcohol, stimulant, and dual alcohol-stimulant dependent individuals relative to controls. Importantly, some participants in this study were cigarette smokers and the influence of this substance use is not taken into account in the current analyses. Whether similar results would be obtained with other drug dependencies, such as nicotine dependence, remains to be determined and is beyond the scope of the current study. Finally, demographic variables are not included in these analyses despite differences in demographic variables between groups. As the current study aimed to identify neurocognitive measure that contribute to the phenotypes of substance dependence, the contributions of demographic variables to the analyses were not included however, these characteristics are likely integrally related to substance use as demonstrated in the supplementary materials.
This study is the first to utilize both statistical and machine learning approaches to evaluate several neurocognitive function measures in alcohol, stimulant, and alcohol-stimulant dependence relative to a control group. These analyses concurred that one measure in particular, Delay Discounting, is important to the phenotype of alcohol, stimulant, and dual alcohol/stimulant dependence. The combined classification and cross-validation approach quantifies classification rates at the individual level which is a potentially useful metric to consider alongside traditional statistical comparisons that differentiate group means. These findings are consistent with recent findings supporting delay discounting as a behavioral marker (Bickel et al., 2014) and endophenotype (Bickel, 2015; MacKillop, 2013) .
